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1. Objective and research question 
The main objective of this analysis is to quantify the underlying structure of the climate, socioeconomic 
and conflict system. Understanding how the three main themes (climate, conflict and socioeconomic) 
are connected, is key to defining intervention and mitigating conflict. The main research question we 
aim to address is: What is the underlying structure of the climate, conflict, and socio-economic system 
in Kenya? 
 
2. Methods and data 
Using network analysis, a statistical model is built to quantitatively display the connections between 
several variables pertaining to climate variabilities, security threats and socioeconomic risks, in order 
to identify the underlying structure of this complex system of relationships. 
Climate variables were compiled using Climate Hazards Group InfraRed Precipitation with Station data 
(CHIRPS) data. Conflict data were gathered from the Armed Conflict Location & Event Data Project 
(ACLED). Data on socioeconomic vulnerabilities were collected from three rounds of the Kenya 
Demographic and Health Surveys (KDHS).  
3. Results 
What is the underlying structure of the climate, conflict and socio-economic system? 
As part of the horn of Africa, Kenya has become drier and hotter every year, at a rate faster than anytime 
over the last 2,000 years [1]. With an economy mainly dependent on rain-fed agriculture [2], extreme 
climate variabilities have exacerbated important socio-economic vulnerabilities [3], leading to conflicts 
[4, 5, 6]. Although the most straightforward effects of climate change on socioeconomic risks touch on 
agricultural and livestock losses which directly impact nutrition security [7], the relationship between 
climate variability, socioeconomic risks and conflicts is complex involving different aspects of the 
socioeconomic landscape.  
Among 38 variables, the network model retained 28 variables. Each category of variables is represented 
in the network model (different colors), suggesting the relevance of many sectors of the socioeconomic 
landscape to the climate-conflict nexus, for Kenya [3] (Figure 1).  
 
  
Figure 1. Relationship between climate, conflict and socio-economic risks as a network model for the 
Kenya case. The width of each edge corresponds to the strength of the relationship between each pair 
of variables. 
Direct relationships are displayed between climate variabilities and conflicts. Often, scarcity of natural 
resources such as water, arable land and crop yield, due to extreme climate conditions, are linked to 
competition among some pastoral groups, leading to an increase in the risk of violence [12]. Although 
not all aspects of socioeconomic vulnerabilities and conflicts show direct relationships with climate 
variabilities, indirect relationships (i.e. relationships mediated by other variables) are shown to always 
exist - reinforcing the complexity of the system.  
The Kenyan agricultural sector, which is mainly dependent on rainfall for water [2] employs more than 
70% of the rural population [14]. This is reflected in the network model by a three-way intersection of 
relationships. Firstly, there is a strong relationship existing between agricultural land ownership (node 
3) and precipitation (node 26). Secondly, there is also a strong connection between these variables and 
the percentage of individuals unemployed at the district level (node 18). An important risk to 
unemployment can thus be the consequence of a major climate-induced agricultural loss. Lastly, these 
are all then connected to the total number of conflicts (node 22), 12 months after a severe climate 
event. 
The network model then further highlights how extreme climate variabilities could add to the 
development challenges that Kenya already faces. Wealth inequality at the district level (node 2), and 
agricultural land ownership (node 3) are shown to directly relate to climate variabilities. Farmers are 
required to adapt practices in response to climate change, but many households face considerable 
challenges, mainly due to a lack of resources or knowledge [15]. Only few households are able to make 
costly investments [15], thus reinforcing wealth inequality (nodes 1 & 2). Consequently, there are 
further knock-on effects in the socioeconomic system, where severe droughts cause malnutrition and 
keep children away from school [13] (nodes 8, 9, 10). Although climate change, through inducing 
agricultural loss [7], affects labour participation in agricultural activities, climate-change impact does 
not directly reflect on Kenya’s general level of poverty, even at the district level (here, no direct 
relationship between node 1 and climate variabilities). Labour loss in agricultural activities might 
actually be compensated in the manufacturing and service sectors which have shown an increase over 
a decade [WB, 2021].  
 
Annex. Methods and data 
We use a regularized partial correlation network [8], as part of Markov random fields, to model the 
climate-socioeconomic-conflict relationships. A network is a graphical representation of the 
relationships (edges) between different entities (nodes). The variables, represented by the nodes, are 
categorized as (a) climate variables, (b) conflict variables, and (c) socioeconomic risk variables which 
are further grouped into (c.1) poverty and inequality risk variables, (c.2) nutritional insecurity variables, 
and (c.3) employment and education variables. The edges between nodes, representing the partial 
correlation coefficients encode the remaining statistical association between two variables after 
controlling for all other information possible (conditional independence associations). These partial 
correlation coefficients were estimated from a matrix of Spearman’s rank correlation coefficients for 
continuous variables. Polychoric correlations were used for categorical variables, polyserial and biserial 
correlations used between variables of different types. To eliminate non-significant relationships, the 
partial correlation network was regularized using a Lasso regularization [9] with an EBIC model 
selection [10]. 
Climate variables were compiled using Climate Hazards Group InfraRed Precipitation with Station data 
(CHIRPS) data [11]. Conflict data were gathered from the Armed Conflict Location & Event Data 
Project (ACLED). Data on socioeconomic vulnerabilities were collected from three rounds of the Kenya 
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